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ABSTRACT

In this paperwe reporton the LIMSI 1999 Hub-4E systemfor
broadcashews transcription. The main differencefrom our pre-
vious broadcashews transcriptionsystemis that a new decoder
wasimplementedo meetthe 10xRT requirementThis singlepass
4-gramdynamicnetworkdecodelis basedon a time-synchronous
Viterbi searchwith dynamicexpansionof LM-state conditioned
lexical trees,and with acousticand languagemodel lookaheads.
The decodercanhandleposition-dependentross-wordriphones
andlexiconswith contectual pronunciationsFasterthanreal-time
decodingcanbe obtainedusingthis decodemith aword errorun-
der30%,runningin lessthan100Mb of memoryon widely avail-
ableplatformssuchPentiumlll or Alphamachines.

The samebasic models (lexicon, acousticmodels, language
models)andpartitioningproceduraisedin pastsystemdave been
usedfor this evaluation. The acousticmodelswere trained on
aboutl50hoursof transcribegpeectmaterial. 65K wordlanguage
modelswereobtainedoy interpolationof backof n-gramlanguage
modelstrainedon differenttext datasets.Priorto word decodinga
maximumlikelihood partitioningalgorithmsegmentsthe datainto
homogenousegionsandassigngienderbandwidthandclusterla-
belsto the speectseggments.Word decodings carriedoutin three
steps,integratingclusterbasedVILLR acousticmodeladaptation.
Thefinal decodingstepusesa4-gramlanguagemodelinterpolated
with a categyory trigrammodel. The overall word transcriptioner
ror onthe1999evaluationtestdatawas17.1%for thebaselinel0X
system.

1. INTRODUCTION

ThispaperdescribesheLIMSI 1999broadcashenstran-
scriptionsystemandreportson our developmentwork prior
to thefall 1999Hub4 evaluationtest. Thebaselinecondition
in this testimposeda computationatime limit of 10 times
real-time. In orderto meetthis requirement newv decoder
wasimplementedwhich transcribesbroadcasdatain less
than 10 timesreal-timewith only a slight increasen word
errorratewhencomparedo our bestsysten10].

A major recentadwancein speechrecognitiontechnol-
ogy is the ability of todays systemsto deal with non-
homogeneouslata as is exemplified by broadcastnews:
changingspeakerslanguagespackgroundstopics. How-
ever transcribingsuchdatarequiressignificantlyhigherpro-

cessingpower thanwhatis neededo transcribereadspeech
datain acontrolledervironment suchasfor speakeadapted
dictation. With the rapid expansionof different media
sourcesfor information dissemination processingime is
an importantfactor in making a speechtranscriptionsys-
temviable for automaticindexation of radio andtelevision
broadcastsA variety of neartermapplicationsarepossible
suchasaudiodatamining, selectve disseminatiorof infor-
mation, mediamonitoring servicesdisclosureof the infor-
mation contentand content-baseéhdexation for digital li-
braries,etc. Currentstate-of-the-artlaboratorysystemscan
transcribeunrestrictedbroadcashews datawith word error
ratesunder20%. Whenonly concernedy the word error
rate,it is commonto designsystemghatrunin 100 times
real-timeor more.

In designinga broadcasnhews transcriptionsystemwith
computationalresourcesn the rangeof 10xRT, we com-
paredperformanceisingsinglepassor multiple passdecod-
ing stratgies. For eachconfigurationthe acousticandlan-
guagemodelswereselectedo optimize performancegiven
thecomputationatonstraintsTheinfluenceof transcription
accurag on indexation performancevasinvestigatedising
the TREC-8SDRdata[7, 10].

In the remainderof this paperwe provide anoverview of
theLIMSI Nov99 Hub-4Esystemwith anemphasi®nthe
new single passdecoderdevelopedfor this evaluation. Re-
sultsarereportedon a arepresentatie portion of the Nov98
evaluationtestsetusedfor systemdevelopment,aswell as
the1999evaluationtestset. All thereportedrunsweredone
ona CompagXP1000500MHz machinewith Digital Unix.

2. SYSTEM OVERVIEW

The LIMSI broadcashews automatictranscriptionsys-
tem [3] consistsof an audio partitioner[9], and a speech
recognizef4, 11].

Thegoalof audiopartitioningis to divide theacousticsig-
nalinto homogeneousegments)abelingandstructuringthe
acousticcontentof the data. Partitioning consistsof identi-
fying andremaving non-speeclsggments,andthencluster
ing the speechsggmentsandassigningbandwidthandgen-



der labelsto eachsegment. The resultof the partitioning

processs a setof speechsggmentswith cluster genderand

telephone/widebanthbels, which can be usedto generate
metadateannotations While it is possibleto transcribethe

continuousstreamof audiodatawithout ary prior sggmen-

tation, someof the advantagegartitioning offers over such

a straight-forwardsolutionaregivenin [9].

Thepartitioningapproactusedn theLimsi BN transcrip-
tion systemrelies on an audio streammixture model [9].
Eachcomponentaudio source representinga speakerin a
particularbackgroundandchannektondition,is in turnmod-
eled by a GMM. The sggmentboundariesand labels are
jointly identified by an iterative maximumlikelihood seg-
mentation/clusteringprocedureusing GMMs and agglom-
eratve clustering. The partitioning procedure(segmenta-
tion andlabeling)is identicalto the oneusedin the Nov'98
LIMSI HUB4E system[11], exceptfor the numberof itera-
tionswhichis reducedo 8 for a slight speedup.

The partitioning procedures asfollows: First, the non-
speechsggmentsare detectedandrejected)using GMMs.
Four GMMs eachwith 64 Gaussianser\e to detectspeech,
pure-musicand other (background). All test sggmentsla-
beled as music or silence are removed prior to further
processing. An iterative maximum likelihood segmenta-
tion/clusteringprocedures thenappliedto the speechsey-
mentsusing GMMs and an agglomeratie clusteringalgo-
rithm. Giventhe sequencef cepstralvectorsthe algorithm
tries to maximizean objective function definedasa penal-
ized log-likelihood. AlternateViterbi reestimatiorand ag-
glomeratie clusteringgives a sequencef estimateswith
non-decreasingaluesof the objective function. The algo-
rithm stopswhenno megeis possible.A constrainton the
clustersizeis usedto ensurethat eachclustercorresponds
to at least10s of speech.This procedures controlledby 3
parametersthe minimum clustersize (10s), the maximum
log-likelihood lossfor a meige, andthe sggmentboundary
penalty When no more meigesare possible,the sggment
boundariesare refined (within a 1s interval) usingthe last
setof GMMs andanadditionalrelative enegy-basedound-
ary penalty Thisis doneto locatethe sgmentboundaries
at silenceportions,so asto avoid cutting words. Speaker
independenGMMs correspondingo widebandspeechand
telephonespeech(eachwith 64 Gaussianspre then used
to labeltelephonesggments. This is followed by sggment-
basedgenderidentification,using2 setsof GMMs with 64
Gaussiangonefor eachbandwidth). The resultof the par
titioning processis a set of speechsggmentswith cluster
gendetandtelephone/widebaridbels.

For eachspeeclsggment,thewordrecognizedetermines
the sequencef wordsin the segment,associatingstartand
end times and an optional confidencemeasurewith each
word. ! The speakeindependentarge vocalulary, contin-

! Prior to decoding segmentsongerthan 30sare choppednto smaller

uousspeectrecognizemakesuse of n-gram statisticsfor
languagemodelingand of continuousdensityHMMs with
Gaussiammixturesfor acoustianodeling.Word recognition
is usuallyperformedn threesteps:1) initial hypothesigen-
eration,2) word graphgeneration3) final hypothesisgen-
eration. The hypothesesire usedin clusterbasedacoustic
model adaptationusingthe MLLR technique[16] prior to
word graphgenerationandall subsequerdecodingpasses.
The final hypothesiss generatedising a 4-gramlanguage
model.

For all theexperimentalesultsgivenin this paperthefol-
lowing training conditionswere used. The acousticmodels
weretrainedon aboutl50hoursof AmericanEnglishbroad-
castnavsdata.Thisdatawasusedto trainthe Gaussiamix-
ture modelsneededor sggmentationandthe acousticmod-
elsfor usein word recognition. We usedthe August1997
andFebruaryl998releasesf theLDC transcriptionsOver-
lappingspeechportionswere detectedn the transcriptions
andremoved from the training data. The phonemodelsare
position-dependerttiphones,with about11500tied-states
for the largestmodel set. Using word-positiondependent
triphonemodels,enablesmore accurateacousticmodeling
at word boundariesasthe contexts are limited to thosetri-
phonesactuallyoccurringin cross-wordoosition. The state-
tyingis obtainedvia adivisive,decisiontreebasedlustering
algorithmwith et of 184 questionsconcerningthe distinc-
tive featuresof the phoneandthe neighboringphonesand
the statepositions.The numberof triphonecontets andthe
amountof parametesharing(statetying) influencethetotal
modelsize (numberof Gaussiansandconsequentlyhe de-
codingspeedWidebandandtelephonébandsetsof gender
dependenacoustianodelswerebuilt usingMAP adaptation
of Sl seedmodels.

The acousticanalysisderives cepstralparameterérom a
Mel frequeny spectrumestimatedn the 0-8kHz band(O-
3.5kHz for telephonespeechmodels)every 10ms[§. For
each30msframetheMel scalepowerspectrumis computed,
andthecubicroottakenfollowedby aninverseFouriertrans-
form. ThenLPC-basedepstruncoeficientsarecomputed.
Thecepstratoeficientsarenormalizedonasementcluster
basisusing cepstraimeanremoval andvariancenormaliza-
tion. Eachresultingcepstralcoeficient for eachclusterhas
azeromeanandunity variance The 39-componendcoustic
featurevectorconsistf 12 cepstruntoeficentsandthelog
enepy, alongwith thefirst andsecondrderderivatives.

Fixedlanguagemodelswere obtainedby interpolationof
n-grambackof languagemodelstrainedon 3 differentdata
sets:203 M wordsof BN transcriptsfrom LDC (years92-

piecessoasto limit the memoryrequiredfor the trigram and 4-gramde-
codingpasses[p To do so a bimodal distribution is estimatedy fitting

amixture of 2 Gaussianso the log-RMS power for all framesof the seg-
ment. This distribution is usedto determinelocationswhich arelikely to

correspondo pausesthusbeingreasonablelaceso cutthesegmentCuts
aremadeatthemostprobablepausel5sto 30sfrom the previouscut.



95)andfrom PSMedigyears96,97 andJan/Feb’98)343M
words of NAB newspapertexts and AP Wordstreamtexts
(Jan'94- Feb’98); 1.6 M wordscorrespondingdo the tran-
scriptionsof the acoustictraining data (including all the
dev and test setspredatingJan’98). The BN texts from
PSmediawere processedising a modified version of the
bn_raw2sgml.pl perl script from BBN made available by
LDC. Thebroadcashews trainingtexts werecleanedn or-
der to be homogeneousvith the previous texts, and filler
wordssuchasUH andUHM, weremappedo auniqueform.
All of the trainingtexts (95 Hub3andHub4,andBN) were
reprocessetb adda proportionof breathmarkerg4%),and
of filler words (0.5%)[g. The interpolationcoeficients of
theseLMs were chosenso asto minimize the perpleity
on the 2nd set of the Hub4 Nov98 evaluationdata. The
4-gramLM contains7M bigrams,14M trigramsand 11M
fourgrams.

The recognitionword list contains65122wordsis iden-
tical to the one usedin the Nov'98 LIMSI HUB-4E sys-
tem [11], andhasa lexical coverageof 99.7%and 99.5%
on the Hub4-Nos98 set2 andthe eval99 test sets,respec-
tively. Thepronunciationarebasedn a 48 phoneset(3 of
themareusedfor silence filler words,andbreathnoises) A
pronunciatiorgraphis associatedvith eachwordsoasto al-
low for alternatepronunciationsincludingoptionalphones.
Compoundwordsare usedfor about300 frequentword se-
guencesnd1000frequentacroryms[6].

3. SINGLE-PASSDECODER

A 4-gramsingle-passlynamicnetworkdecodethasbeen
developed.lt is atime-synchronou¥iterbi decodewith dy-
namicexpansiorof LM stateconditionedexical treeq1, 18,
17] with acousticandlanguagemodellookaheadsThe de-
codercan handleposition-dependentross-wordtriphones
andlexiconswith contextual pronunciations.lt makesuse
of various pruning techniquego reducethe searchspace
and computationtime, including threeHMM-state pruning
beamsandfastGaussiatikelihood computationslt canalso
generatevord graphsandrescorehemwith differentacous-
tic andlanguagemodels.Fasterthanreal-timedecodingcan
be obtainedusingthis decodemith aworderrorunder30%,
runningin lessthan100Mb of memoryonwidely available
platformssuchPentiumlll or Alphamachines.

Thedecodeby itself doesnotsolve the problemof reduc-
ing therecognitiontime aspropermodelshave to be usedin
orderto optimizethe recognizerccurayg at a given decod-
ing speed.In general bettermodelshave more parameters,
andthereforerequiremorecomputation However, sincethe
modelsaremoreaccurateit is oftenpossiblgo useatighter
pruninglevel (thusreducingthe computationaload)without
ary lossin accurag. Thus,limitationsontheavailablecom-
putationakesourcesansignificantlyaffectthe designof the
acoustiandlanguagenodels.For eachoperatingpoint, the
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Figure 1: Word errorratevs. processingime for threeacoustic
modelsetswith 350k, 92k and 16k Gaussian®n a subsetof the
Hub4-98testdata. (Single passdecodingwith a trigram LM and
no acoustionodeladaptation.)

right balancebetweenmodel compl&ity and pruninglevel
mustbefound.

To illustrate this point, Figure 1 plots the word error
rate as a function of processingime for 3 setsof acous-
tic models,which takentogetherminimize the word error
rate over a wide rangeof processingimes (from 0.3xRT
to 20xRT) for the LiMSI broadcashews transcriptionsys-
tem. It shouldbe notedthat transcribingsuchinhomoge-
neousdata requiressignificantly higher processingoower
thanfor speakemldaptedictationsystemsdueto the lack
of controlof therecordingsandlinguistic contentwhich on
averageresultsn lower SNRratios,apoorerfit of theacous-
tic andlanguagemodelsto the data,andasa consequence,
theneedfor largermodels.Theseresultson arepresentage
portion of the Hub4-98eval testdataare obtainedusinga
3-gramlanguagemodel,andwithoutacoustianodeladapta-
tion. Thelargestmodelset(350k Gaussiansl 1ktied states,
30k phonecontets) providesthebestperformance/speed-
tio for processindimesover 5xRT. The 92k modelset(92k
Gaussianspk tied statespk phonecontexts) performsbet-
terin therangeof 0.6xRT to 3xRT, whereasamuchsmaller
modelset(16k Gaussiansis neededo go underreal-time.
Thereforadependingiponthedesiredoperatingpointdiffer-
entmodelsetconfigurationawill be mosteffective.

For a decoderbasedon lexical tree copies,the potential
searchspaces proportionalto the numberof LM contets,
i.e., the numberof n-1-gramsin the backof componenof
then-gramLM. As obseredfor theacousticmodels,there
isatradeof betweemmodelcompleity andsearchspacei.e.
thebestmodelwithoutcomputationatonstraintsnaynotbe
the bestwhensuchconstraintareimposed.Figure2 gives
theword errorrateasa function of therecognitiontime for
four languagemodels(1-gramto 4-gramLM) on the same
representadie subsef the Hub4-98eval testdataset. The
sameacousticmodelset(6k states92k Gaussiansis used
for all runs. It canbe seenthatthe trigram LM is the best
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Figure2: Word errorratevs. processingime for 4 languagemod-
els(1-gramto 4-gramLM) onasubsebf theHub4-98data.(Single
passdecodingwith the 92k acoustionodelsetandno adaptation.)

comprisefor computatiortimesin therangeof interest(0.5

to 10xRT). In this rangethe 4-gramLM givesthe samere-

sults, but requiresabout50% more parametershanthe 3-

gramlanguagemodel. The differenceis even larger if the

requiredmemoryspaceis compared.To obsenre a signifi-

cantdifferencein favor of the4-gramLM, the computation
time needgo beover 20xRT with this singlepassdecoding.
For computationtimes under0.5xRT it doesmatterwhich

LM orderis usedaslong asit is greatetthanl.

4. MULTIPLE PASSDECODER

Mary systemsusea multiple passdecodingstratgy to
reducethe computationalrequirements. In multipassde-
coding,additionalknowledgesourcesareprogressiely used
in the decodingprocess,which allows the compleity of
eachindividual decodingpassto be reducedand often re-
sultsin a fasteroverall decoder One of the main adwan-
tagesof multiple passdecodingis the possibility to carry
outacoustianodeladaptationsuchasunsupervisetLLR,
betweernpassedy makinguseof the currentbesthypothe-
ses. Our taigetedspeedbeinglower than 10xRT, we need
to pay attentionto the computingresourcesequiredto per
form the adaptation.In theseexperimentswe usea single
block diagonalregressionmatrix andrun only oneiteration
of MLLR reestimation.Table1 givesthe computatiortime
andword error ratesfor variousdecodingstratgies. The
pruningthreshold$ave beensetsoasto matchthe comput-
ing time of themostinterestingsetups All passeperforma
full decodegxceptthelastdecodingoasglabelledD) which
is awordgraphrescoringusinga graphgeneratedh thesec-
ond 3-grampass. The 3 acousticmodel setscomparedn
Figurel areusedwith the 16k Gaussiarsetusedin thefirst
passthe 92k Gaussiarsetusedin the secondpass,andthe
350k Gaussiarsetusedin thelastpass.

Theseresultsclearly demonstratéhe advantageof using
amultiple passdecodingapproachComparinghe setupsA
(1 pass,6.8xRT, 16.8%)andD (2 passes6.9xRT, 15.4%),

Pass AM LM RT TotalxRT \Werr
A 1 92k 3g 6.8 6.8 16.8%
B 1 350k 4g 10.5 10.5 16.1%
1 92k 3g 0.8 24.7%
C 2 175k+mllr 4g 9.9 10.7 14.6%
1 92k 3g 0.8 24.7%
D 2 175k+mlr 3g 6.1 6.9 15.4%
E 3 350k+mlr 49 1.5 8.4 14.2%

Table 1: Comparisonof decodingstratgieson the NIST Hub4
eval98set(partitioningandcodingtimesarenotincluded).

we seethat the extra computingtime neededfor the first
decodeand the MLLR adaptationis largely compensated
by the reductionin word error rate. Using adaptedacous-
tic modelsallows usto usea tighter pruningthresholdand
have the sameoverall computingtime but with a signifi-
cantly lower word error rate. Also comparingsetupsC (2
passesl10.7xRT, 14.6%)and E (3 passes8.4xRT, 14.2%)
demonstratéhe advantageof usingan extra decodingpass
to takeadwantageof the 4-gramLM andhypothesesor the
MLLR adaptation.

As a result of theseexperiments,the configurationse-
lectedfor the1999evaluationsystemhas3 decodingpasses.
The first passgeneratesnitial hypotheseavhich are then
usedfor clusterbasedacousticmodel adaptation. This is
donevia a one pass(1xRT) cross-wordtrigram decoding
with genderspecific sets of position-dependentriphones
(5400contets and6275tied statesanda trigramlanguage
model(17M trigramsand8M bigrams).Band-limitedacous-
tic modelsareusedfor thetelephonespeectsegments.Prior
to the secondpasswhich generates word graph,unsuper
visedacousticmodeladaptatioris performedfor eachsey-
mentclusterusingthe MLLR techniqueg16] A word graph
is generatedor eachsggmentin aonepasqabout6xRT) tri-
gramdecodingusingposition-dependentiphonescovering
28k contexts with 11700tied state16 Gaussianger state)
andthe trigram usedin the first pass. The final hypothesis
is generate@fterasecondMLLR adaptatiorusingtheword
graphs,a 4-grammodel and a 32-Gaussiarversion of the
acoustiomodelsusedin pass2. Thesethird passmodelsets
are quite comparabldn sizeto that usedin our 1998 sys-
tem (covering 28k phonecontets with 11500tied states).
Band-limitedversionsof the acousticmodelsare usedfor
thetelephonespeectsegments.

In Table2 theword error ratesandthe total computation
time (including partitioning)aregivenfor boththe develop-
menttest set (Hub4 eval98) and the Hub4 eval99 test set.
For reference the official resulton the eval98 test setus-
ing our Nov98 systemwas 13.6%, with a decodingtime
around200xRT [11]. Using only the first decodingpass,
unrestrictedN datacanbedecodedn lessthan1.4xRT (in-
cludingpartitioning)with aword errorratearound30%.

A 10xRT contrassystemwasalsodevelopedwhichused



Dev data (eval 98)

Test data (eval99)

Sep CPUtime Werr CPUtime Werr
CodingandPartitioning: 0.5xRT 0.5xRT
Word decoding:
pass#igenerat8-gramhyp): 0.8XRT  24.7% 0.9xRT  29.3%
pass#IMLLR, 3-gram): 6.1xRT  154% 6.5xRT  18.5%
pass#3MLLR, 4-gram): 15xRT  14.2% 15xRT  17.1%
Overall: 89xRT  142% 9.4xRT 17.1%

Table 2: 10xRT resultsin worderrorratefor the NIST BN 1998and1999testsets.

thesameadecodingstratgyy but madeuseof additionalacous-
tic andlanguagemodeltrainingdatafrom the TDT-2 corpus.
Therecognitionword list for this contrastsystemcontained
65343words(with 77033pronunciations)of which ~3800
werenotin the baselinesystemword list. Thethird decod-
ing passmadeuseof acousticmodelsfrom our 1998 sys-
tem which were adaptedvia MAP adaptation)with about
500hoursof TDT-2 acousticdatafrom February-Mayl998.
Sinceno detailedtranscriptionsvereavailablefor this data,
only sggmentsfor which the word hypothesesnatchedhe

closedcaptionwere usedfor training. Additional training

texts from the periodof MarchthroughMay 1998(from PS-
Media,newswires)andthe TDT-2 closedcaptionsandcom-

mercialtranscriptgpredatingJune98verealsousedto esti-

matethe languaganodels.The additionaldatagave a slight

performancémprovement(3%relative) ontheNov’'98 eval-

uationdata,but only a 0.1%absoluteeductionto 17.0%on

the1999testset.

An unconstrainedomputatiorsystemvasalsoevaluated,
in whichthe10xbaselingesultsenedastheinitial hypothe-
sesfor furtherdecoding.The acousticandlanguagemodels
werethesameasthoseusedfor the 10xRT baseline Two ad-
ditionaldecodingpassesverecarriedout: wordgraphgener
ationwith MLLR adaptedicoustianodelsanda4-gramlan-
guagemodel(32xRT) andword graphrescoringvith MLLR
adaptedacousticmodelsa 4-gramlanguagemodel (5xRT).
The resultsfor this systemare givenin Table 3. Unfortu-
natelythe versionof the decoderscriptusedfor the evalua-
tion run hada bug which bothmadeit run slower andhada
higherword error rate. The reductionin word erroris less
than10% comparedo the baselinel Ox systemadespitethe
factor of 5 in computationtime. Somerecentexperiments
with Rover [19] supportprevious obserationsthatcombin-
ing evena smallnumberof fastdecodersnay be more effi-
cientin reducingherecognitiorworderrorratethanrunning
aslower system.

5. SUMMARY & DISCUSSION

In this paperwe have presentedur 1999broadcashens
transcriptiorsystemandhighlightedour developmentwork
which was mainly orientedtowardsdeveloping a nev de-
coderand optimizing the acousticand languagemodelsto
remainwithin the 10x computationatestriction. With this

Submitted (bug) Corrected script
XRT 54xRT 4T7XRT
bn99%en-1 17.4% 17.0%
bn99%en-2 14.8% 14.5%
average 15.9% 15.6%

Table 3: 50xRcontrastsystem.

competitve nev decoderunrestrictedbroadcasnews data
canbe transcribedn under1.4xRT with a word error un-

der30%. Differentdecodingstratgieswereinvestigatedso
asto optimizeperformancetfor differentreal-timefactors.
A threepassstratgy wasfoundto provide the bestperfor

manceat 10xRT, whereadewer passesrebetterfor faster
decodingspeeds.

Our developmentwork shaved us how processingime
constraintssignificantly affect modeldesign. For eachop-
eratingpoint, the right balancebetweenmodel compleity
andsearchpruninglevel mustbe found. For moderatede-
codingtimes(in therange0.6xRT to 3xRT) amodelsetcon-
taining 92k Gaussiansk tied statesbk phonecontextswas
foundto performsubstantiallybetterthansmalleror larger
models.If decodingtimeis notanimportantfactor, aneven
largermodelset(350kGaussiansl 1ktied states30k phone
contets) providedthe bestperformance/speeadtio for pro-
cessingimesover 5xRT.

We have developed broadcastnews transcription sys-
temswith comparableperformancelevels for three other
language’ (French, Germanand Mandarin) and are cur
rently alsotargetingPortuguesandArabic.
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